Management System and the increase of students' interactions.
Introduction
Distance Education (DE) has been reaching an increasing prominence among other education modalities in Brazil. Within this context, a lot has been discussed about the processes of teaching and learning in this modality, which factors favor and which ones become obstacles in the learning processes. Bentes (2009) relates five components which should be present in the distance education systems as a premise that could guarantee good results. They are: the teacher -here responsible for the instructional material-, the tutor, the student, the instructional material, and the evaluation. responsible for the courses' success and he or she is constantly guiding, conducting and supervising the process of teaching and learning of the students.
One of the most important mechanisms for the evaluation of the actors in DE is the Educational Data Mining (EDM). Among the processes of EDM, the KDD (Knowledge Discovery of Databases) can be used to extract valuable information from huge data collections. According to Romero and Ventura (2007) , KDD can be used, among other things, to evaluate and to improve e-learning systems by discovering useful learning information.
In Gottardo et al. (2012) , EDM was used in order to predict the performance of students. In the same way, Santana et al. (2014) also predicted the students' performance, but using different attributes and therefore, proposing a complementary work to Gottardo's et al. (2012) it is a fact that lots of works on EDM have been done trying to understand students' behavior and consequently, predict their performance. Little has been looking at the data collected under the perspective of the tutors.
In this degree, the objective of this work is to present a research developed with tutors and students of Distance Education graduation courses and it intends to analyze the linearity relation between the tutor's actions and the learners' interactions in the discipline analyzed. Thus, to do this work, data were collected from the Moodle, the LMS (Learning Management System) most used among the universities and colleges which offer DE courses in Brazil (ABED-Censo 2013). These data were mined considering some attributes which were selected in order to answer this question: A course that has most active tutors makes the students of this course have a greater interaction? The work points to relevant factors which should be considered in order to re-think tutors' behavior and help students succeed in DE courses.
Related Technologies Study
This bibliographic review intends to support the work on the topic raised in the section 2.1: Can tutors constant action promote students' interactions? Besides that, the section 2.2 refers to works done in the field of EDM (Educational Data Mining).
Interactions in Distance Education
In his article which deals with the tutorial system in DE, Faria (2010) brings information about what some scholars in the area think, regarding the role of the online tutor. For Preti (2002) , the tutor has the role of a guide and should support, stimulate and keep up with the learning of the student. As for González (2005) , the tutor is a mediator and should answer the issues and doubts of the students in all the learning situations proposed by the tools available in the Learning Management Systems (LMS). Gutierrez and Pietro (1994) work on the perspective of creating good communication channels and empathy through personalization, reflection and experience exchanges during the course. As for Moran (2006) , he states that it is the tutor's role to guide and mediate the process of teaching and learning and highlights some characteristics of this professional, such as intellectual, emotional, managerial, communicational and ethical abilities.
Thanks to realization of the importance of the tutor's role, other researches have arisen in order to support this professional, handing in data which may contribute with this pedagogical mediation and with a better performance of the student. The tutor should assume the role of a pedagogical mediator (MASETTO, 2013) , and although, he or she will be a specialist of the content to be taught, he or she will also act as a consultant, as a facilitator, as a planner and as a producer of learning situations. Felicetti et al. (2014 Felicetti et al. ( , p. 2629 points to the students' perception in relation to the work developed by the tutors. According to the analyses in their work, "in different moments, students claim that the education/ educators might be distant, but the constant presence of the tutors favors students' confidence".
In order to promote motivation, tutors and learners must be in constant interaction through the LMS. For Moore and Kearsley (2005) there are three distinct types of interactions in a distance learning environment, as follows: the interaction of the learner with the content, interaction with the instructor and interaction with other learners. For them, both the interactions instructor-learner and among learners stimulate students' interest in the subject and motivate them to learn.
For some authors (SILVA & FIGUEIREDO, 2012; FARIA, 2010) it is important to consider and promote human relations in distance education courses. They also believe that the establishment of a communication channel between the tutors and the students can guarantee a greater engagement of the students through the affection bonds created due to the constant interactions. Thus, positively interfere in their learning processes.
Aiming at these goals, models for learning monitoring have been created through data mining from the LMS most used, the Moodle (GOTTARDO et al., 2012; LOPES & SCHIEL, 2004) . These tools also point to the importance of the constant presence of the tutor as a factor for the success of the students during their learning. Romero (2010) says that educational data mining allows the tutor to get to know their students based on the data obtained in the learning environment and with that, validate and evaluate the educational systems and then improve some aspects of the learning processes. Romero and Ventura (2007) report that these mined data are not only transformed in knowledge, but they can also help for decision making in pedagogical strategies.
Educational Data Mining (EDM)
In Gottardo et al. (2012) a group of attributes was defined to produce inferences related to the performance of DE students. Experiments with Moodle's data base were executed and they tried to determine the accuracy of the selected attributes. The results showed a feasibility to perform these inferences related to the performance of the students and they also pointed to future investigations which might add intelligent resources to the LMS to help students in the development of their courses in DE. Santana et al. (2014) proposed a complementary work to Gottardo's et al. (2012) using different attributes to the ones used before and they also could cope with a good rate of accuracy, 72%. Lopes and Schiel (2004) proposed through educational data mining the development of a Decision Making Support System to monitor the learning in DE.
There are several data mining techniques in educational systems in which computer paradigms converge such as, according to Romero and Ventura (2007) : decision tree construction, rule induction, artificial neural networks, instance-based learning, Bayesian learning, logic programming, statistical algorithms, etc. To complete this research, statistical algorithms were used, based on the linear regression model, in order to understand if the tutors' actions regarding the different types of communications with students in the LMS interfere in the level of students' interactions. Rodrigues et al. (2013) showed that it is possible to use linear regression techniques to obtain inferences with good accuracy rate.
Experiment Implementation
The objective of this experiment was to estimate the existing relation between tutors' actions and students' level of interactions through the LMS.
To do this experiment a database of graduation courses was used with 829 students and 68 tutors among 48 courses. The average of students per course is 78.19 (Standard Deviation 63.55), and the average of tutors per course is 3.60 (Standard Deviation 3.37).
The experiment did not consider dropouts. The second phase of the experiment consisted on the selection of the attributes. And they are as presented in the table 1 below: atrasoCorrecaoTutor This variable measures how long the tutor took to correct an assignment after the time set to answer had been expired.
Dependent Variable acessosAlunos
Number of accesses of students from one group to the platform To perform this work a multiple linear regression modeling was used. This technique aimed at studying the relation between the explanatory variables, which are presented in the linear form, and one metric dependent variable. Thus, a general model of linear regression can be written as follows:
Where Y is the phenomenon being studied (metric dependent variable), α represents the intercept (constant), β k (k= 1,2,…,n) are the coefficients of each variable (angular coefficients), X k are the explanatory variables (metrics) and u is the error term.
Correlation Matrix
Initially, to have a general view of the relation among the variables in the study, it was necessary to plot a correlation matrix to visualize the strength of the relationship of the variables involved in the study. Through the Figure 1 it is possible to verify that there is a positive correlation among several variables proposed on this study. Although the highest correlation occurred between the variables atrasoCorrecaoTutor and demCorreT, this correlation makes no sense as both of the variables belongs to the tutor category. The most outstanding correlation was between the variables acessosAlunos and qntPostsForumTutor (cor. 0.793), which indicates a strong positive relation. Table 2 shows the results of descriptive statistics with respect to six variables involved in the study. The descriptive summary was important to view the range of variables, as for the average and the standard deviation. 
Application of multiple linear regression model
The table below summarizes the proposed model and through it, it is possible to verify that the group of variables explains 83.9% of the Y (acessoAlunos) variance. It is also noticeable that there is no problems with left overs, since the Durbin-Watson statistics is approximately equals to 2. Table 4 shows that the proposed model is statistically significant, in other words, at least one of the explanatory variables included initially is significant to explain the students' behavior regarding the quantity of accesses to the Moodle platform. Non-significant variables were dropped out of the model. The following equation summarizes the model which has only significant parameters at 5%. Equation of the regression model:
acessosAlunos (Y) = 1532.6+0.11*msgEnvTutor+4.61*qntPostsForumTutor This model can be useful to managers of courses in Distance Education, as from the same can be prepared forecasts of the quantity of students' interactions (accesses) in a group, based on the action of the tutors regarding a larger amount of private messages changed with students (msgEnvTutor) and a greater interaction in the discussion forums (qntPostsForumTutor).
Results and Discussions
Some important points to highlight in the descriptive analysis phase were the evidence that the posture of the tutors regarding his tasks on the platform would promote more participation and interaction on the students. This can be seen in Figure 1 .
About the inferential part of the experiment, we can say that the multiple linear regression modeling explains the relationship between tutors actions' data and the level of interaction of students with the Moodle platform. This linear model was considered a good model to explain that there is a relation in the amount of interactions (accesses) of students in a class, in the amount of private messages exchanged with students and interactions in discussion forums.
We can also say, with a 95% confidence, that 83.9% of tutors who have a good level of interaction through private messages and posts on forums promote an increase in students' interaction with the platform. This result is satisfactory if we think we can apply models of this nature to try to predict the proportion of courses that have a good level of access and interactions among participants, based on the teaching activities of the tutors involved.
Conclusions
The Distance Education emerges as an important innovation for education, but some characteristics of the modality contribute to the necessity of greater human relations. As observed in our results, the relationships tend to create an improvement in engagement and motivation of students, by becoming more participative.
All in all, we can conclude that the regression analysis is useful in areas where future planning activities is critical because decision-making during the course by tutors, teachers and managers is a challenge. Thus, it is evident the important role that the EDM brings to DE. It also proves statistically what scholars have been saying about the importance of human relations in LMS platforms. The more integrated and involved students are, the less they are prone to give up their courses.
As a suggestion for future works we could actually draw a relationship between the analyses regarding the interactions and the number of dropouts of the courses, using statistical algorithms such as the linear regression model.
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